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Abstract
Autonomous driving is a complex problem that can
potentially be solved using artificial intelligence.
The complexity stems from the system’s need to
understand the surroundings and make appropriate
decisions. However, there are various challenges in
constructing such a sophisticated system. One of
the main challenges is to make the agent learn from
the environmental input and since the environment
is not fully observable and constantly changing, the
agent should be flexible enough to extract impor-
tant information from the input. To create such an
agent this paper focused on the 3 different meth-
ods, specifically the application of frame stacking,
long short-term memory (LSTM), and a combina-
tion of both methods. To analyze these methods
3 Deep Q Network(DQN) based agents are cre-
ated. These 3 agents have frame stacking, LSTM,
and both combined methods to solve the partially
observable problem of autonomous driving. Their
training performances are analyzed, and the results
revealed significantly different trends in the train-
ing and evaluation phase.
Especially the experiment resulted in LSTM being
a more robust method but had lower performance
than DQN with frame stack, which showed a trade-
off between these 2 qualities of an agent. The agent
with LSTM and frame stack was able to learn faster
at the beginning, but as it was unstable, it got a
lower return value from the training run at the end.
This instability can be a problem in the real world,
especially in autonomous driving, where it is very
important to have robust implementation.

1 Introduction
Autonomous driving is gradually integrating into our lives.
Soon, it is expected to be more common, and this raises con-
cerns about the safety of the system[8]. Apart from the me-
chanical components of the car, the agent is trained to choose
an action for the car, and as the agent is deciding instead of the
driver what action to take, the system’s decision-making pro-
cess is important. However, this process becomes complex
due to the agent’s limited ability to understand its surround-
ing in a continuously changing environment. The cars that
are around the agent can be moving or slowing down, but the
agent cannot understand this from one frame, and this can cre-
ate unwanted situations such as crashes or sudden rough ac-
tions, which reduces the driver’s trust in these agents. To pre-
vent such situations, valuable information regarding the envi-
ronment should be extracted so that the agent can take action
even when faced with changing environment[15]. By reach-
ing these pieces of information and understanding the entire
state, the agent overcomes the partial observability problem.

Partial observability problem is as highlighted an important
topic in the area that can worsen the decision-making process
by introducing uncertainty and potentially leading to subopti-
mal or unsafe decisions. But this method cannot work stand-
alone, therefore one artificial intelligence algorithm is needed

for the agent. As we need experience-driven autonomous
learning, Deep Reinforcement Learning especially Deep Q
Network (DQN) is chosen as the main algorithm. By hav-
ing an algorithm that can find low dimension representation
of high-dimensional input[19], It is a good choice as a base
algorithm as every input consists of many pixels and each
of them is a dimension, making the environment has a high-
dimensional input.

With the DQN, the 2 methods to solve partial observabil-
ity are chosen as long short-term memory (LSTM)[12] and
frame stacking for 2 agents. While these 2 methods are the
most famous methods to solve partial observability, we addi-
tionally combined these 2 methods in our third agent. With
these, in this paper the question “Partial observability: How
do different methods for dealing with partial observability in
the environment influence training and the robustness of fi-
nal policies under various testing conditions?” is answered by
comparing these 3 agents that are trained in the CARLA[10]
(highly realistic car agent simulator) environment.

The requirement for an answer to this question stems from
the safety requirement for the people that can potentially use
such systems in the future and the knowledge gap in the liter-
ature about the topic currently. For instance, Antonin Raf-
fin compared LSTM combined frame stacking with frame
stacking in proximity policy optimization (PPO) based al-
gorithm while examining performance in a nonrealistic car
racing simulator[17], which hindered a detailed analysis of
each individual method and results that are not applicable to
real-world scenarios. Similarly, other sources lack a compre-
hensive comparison of these methods in an autonomous driv-
ing environment. In the paper by Hausknecht and Stone, the
methods of frame stacking and LSTM was used in DQN and
these different methods have been compared, but the training
and testing environment was not a car driving simulation[11].
They mainly focused on Atari games and they did not com-
bine these different methods which is an interesting architec-
ture that could have been investigated. Therefore we think
that training agents in a highly realistic environment can lead
to different results.

In this paper, we will first give detailed background infor-
mation regarding the architecture and the techniques that are
used in the agents. Subsequently, explain the methodology by
giving steps that are required to replicate the research. Fol-
lowing that, experiment setup, initial testing, found results,
and discussion with limitations are given. Afterward, respon-
sible research, where critical components in the process are
analyzed. Finally, final conclusion with future work is dis-
cussed.

2 Background Information
In this section, explanations of important terminologies and
techniques that are used in the experiment are given.

2.1 Partial observability
In the real world, it is not common to have a situation where
the environment around the agent is fully observable as the
agent does not know the state that it is in properly. To solve
this, the agent needs to map beliefs to actions where beliefs



are probability distributions over states[20]. This is called
the Partially Observable Markov Decision Process (POMDP)
which is a generalization of Markov Decision Process (MDP)
that is generally used in fully observable situations.

2.1.1 MDP vs POMDP
In the CARLA environment, the information that the agent
takes is frames per step, this makes the autonomous driv-
ing initially POMDP. However, with the usage of LSTM and
frame stacking, we can make the agent able to extract the
state that it is in. Therefore the problem of autonomous
driving becomes MDP after solving the POMDP with given
methods[11].

2.2 Deep Q Network (DQN)
In recent years, there have been many different algorithms
created to solve MDP problems[14]. One such algorithm is
the Deep Q network. It is a neural network that uses Q learn-
ing which returns values for each action that an agent can
possibly take. Therefore action space is assumed as discrete.

There are many ways to construct a DQN as there are dif-
ferent kinds of techniques for each component of the algo-
rithm. The chosen techniques to build our DQN agents are Q
learning, Epsilon-greedy exploration, and experience replay.

2.2.1 Q learning
Q learning[23] is a model-free, value-based, off-policy algo-
rithm that allows agents to choose the best action that they can
take given their state. This means that the agent learns with
experiences that are stated as consequences of actions taken
by the agent. Additionally, It has a value function that learns
which states are more important and takes action regarding
this[3].

Q learning allows the agent to store a Q table which con-
sists of sets of actions and states. The values are updated
through time and with this Q values start to become similar
and accurate for states.

2.2.2 Epsilon-Greedy Exploration
To continuously improve the policy of the agent, exploration,
and exploitation need to be in balance. However, there is
a trade-off between each other and exploration methods are
investigated in the reinforcement learning field for a long
time[7].

One of the most common and simple methods is Epsilon-
Greedy Exploration which the agent has a uniform chance to
take any random action if the chosen random number is lower
than the epsilon. This epsilon starts high and decreases in
every time step. By decreasing the epsilon the random actions
are decreased as time pass and the agent starts to decide more
about its actions. This allows the agent to solve the trade-off
problem between exploration and exploitation. If the agent
was more tended to do exploration even the time passed, it
could have lost the learned information, or oppositely if it
had more tendency to exploit it could be stuck in a location
where it cannot improve its performance without trying new
actions.

2.2.3 Experience Replay
It is important to be able to train the agent with the limited
data we have. The experience reply method enables this by

repeatedly presenting the data to an agent to train without
bias. The logic behind this is that, in every time step the ex-
perience of the agent is stored in a memory, and the agent
randomly samples from this memory as the size of the batch
to update its policy. As the data sampled is not sequential, the
agent is able to learn from distinct experiences[2].

2.3 Frame Stacking
In the car racing situation, If the car only sees 1 frame as in-
put, how fast the car goes would not be comprehended by the
agent, which can create problems when taking turns. For ex-
ample, if the speed is too high the agent needs to slow before
making a turn to slow down. Similar to this example, there is
different information that cannot be understood by the agent
with only using 1 frame per input. As this makes the situa-
tion POMDP, the frame stacking method helps to make the
situation MDP which allows us to use our DQN agent.

Frame stacking works as at the beginning after the first
frame taken, the input becomes 4 of this same frame, after ev-
ery step the new observation is put at the end of the stack and
returns the last 4 frames. The number of frames can change
from situation to situation but as Hausknecht and Stone sug-
gested that 4 frames are enough for the agent to comprehend
most of the environmental information[11], our frame stack-
ing is also using the last 4 frames.

These 4 frames are used in Q learning which allows for
agents to understand time-dependent information. It is seen
that many of the reinforcement learning agents that need to
extract information depending on time use this method, which
is robust and fast.

2.4 Long Short Term Memory
The second method to make POMDP to MDP is LSTM.
Adding this network to DQN makes it a Deep Recurrent Q
Network (DRQN). DRQN understands important informa-
tion that changes through time by using a recurrent layer with
the help of the LSTM method. This recurrent layer in the
network allows to store internal states and when new input
is given the outcome is the result of q values and internal
states. This layer has been put at the end of the network as it
is shown that the LSTM layer performs best at the end of the
network[11].

As the agent has a system that continuously uses internal
states, the agent “remembers” or “forgets” parts of the infor-
mation regarding the environment. The ones that are impor-
tant in the environments are remembered after the successful
episode and updated in the Q table. After each episode, the
internal state resets to not create inter-episodic information.
To train the DRQN another method called Backpropagation
Through Time(BPTT) is needed.

2.4.1 Back Propagation Through Time
BPTT makes agents able to train by using the last n time
steps. Similar to frame stack, but in this method after the
input of the last n time steps given to the agent, the agent puts
them in the LSTM layer n times by consecutively calculating
the hidden states and using them for the next step for the cell
again n times. Therefore the output of the first layer becomes
the input of 2nd layer and so on.



The chosen number for the last n time steps is 4. Even
though the LSTM’s biggest advantage is being able to learn
from a long history, an increased number of time steps
can create problems of gradients explosion or vanishing[21].
Also as the number of time steps used affects the training time
greatly, the number 4 was found suitable as it gave similar
training time as DQN.

2.5 DRQN with Frame Stacking
In the 3rd agent, the DRQN with frame stacking is imple-
mented. This structure is not common in literature as DRQN
can choose action even with passing one frame to network[4].
In this architecture, the agent gets 4 last time steps in not only
the Q value update phase but also in the action decision pro-
cess too. This is the change compared with the DRQN as
DRQN was only able to see 1 frame while calculating the Q
values for each of the actions.

3 Methodology
To successfully run the research and find the proper results,
a methodology with clear steps is needed. Therefore the fol-
lowing steps describe the detailed process to conduct the re-
search as well as where and how to compare the findings.

1. Setting up CARLA in Delft Blue[9] (supercomputer
of TU Delft) and connecting it with the Gymnasium
framework[5]:

• Collaborate with the team to set up the CARLA
simulator in Delft Blue.

• Establish the connection between CARLA and
the Gymnasium framework using the gym-carla[6]
third-party environment.

2. Agent Model Implementation:

• Implement the DQN agent model.
• Utilize the DQN implementation with frame stack-

ing of 4 as provided in CleanRL[13].
• Implement another agent with the LSTM, creating

a DRQN agent which has backpropagation through
time with 4 time steps.

• Implement another DRQN agent which has back-
propagation through time with 4 time steps and has
a frame stacking method with 4 frames in each in-
put.

• Train the agents in the Gym Car racing environment
and evaluate their performance for initial testing.

• Adjust the training parameters as needed for opti-
mal performance.

3. Data collection and evaluation:

• Create new environments in Carla and train agents
with the usage of the Gym-Carla wrapper.

• Evaluate the agents in 3 different environments in
Carla, each having 10 episodes per environment.

• Use TensorFlow[1] to create graphs that visualize
the results of the three agents over time (time steps)
for training.

• Use Excel[16] to create a graph that shows agents’
mean episodic return for each environment.

• Find trends between agents’ training phase and
compare their performances. Find which agent is
more robust and effective.

By following this methodology, CARLA is set up in Delft
Blue and integrated with the Gymnasium framework. The
agent models are implemented and trained by using DQN
with LSTM, frame stacking methods, and combined. The
agents’ training performance, final policies, as well as evalu-
ation of their robustness in environments are compared.

4 Experiments
In this section, the experimental setup is explained more in
detail, gave the initial experimental results and the results of
the training and evaluation phases of agents in Carla environ-
ment are discussed.

4.1 Experimental setup
For the initial tests in the Gymnasium environment, some
decided packages are used within the Conda environment.
The list of modules with versions can be seen in Appendix
A. In this environment, to build up an agent that uses DQN
with frame stacking, an agent that was implemented in
CleanRL[13] repository is taken. This chosen agent was
dqn atari, as the other agent called dqn in the repository was
not suitable for input from the environment. dqn atari agent
had frame stacking implemented which uses the last 4 frames,
therefore using the dqn atari code, an agent that uses DQN
with frame stacking in the car race environment of the Gym-
nasium is built.

To build the second agent that uses DRQN, the network
architecture in the paper[11] from Hausknecht and Stone is
used. The base DQN agent that uses frame stacking is copied
and changes are done to translate the agent into DRQN. One
of the main changes was adding an LSTM at the end of the
convolutional layers as the paper supported that this archi-
tecture showed greater performance when compared to other
architectures. The other change is that in the action decision
phase where the agent estimates q values for each action with
a given input, the agent was only able to see one frame, not
4 frames. As the agent’s hidden states are carried over the
episode, giving 4 frames as input to the agent was not re-
quired and wanted. Apart from that BPTT is implemented in
the training phase which the agent uses the last 4 time steps
to train.

The third agent uses DRQN with frame stacking. To im-
plement this, DRQN which looks at only the last frame to
choose an action changed that it can look at 4 frames, and
as the BPTT was also 4, the training phase looks at the last
4 frames too. The recurrent layer keeps the network still as
DRQN.

After these agents are implemented, they need to be able
to run in the Gymnasium environment and Carla after. To be
able to run in Carla the Gymnasium needs to be connected
to Carla. This is done by using a gym-carla wrapper. To
make Gymnasium and Carla compatible with the gym-carla



Figure 1: Agents parameter values

wrapper, Gymnasium version 0.26.2 and Carla version 0.9.13
are used.

In both environments, the parameters in Figure 1 remained
the same for the training phase for all agents. The variable
total time step was 1 million in the Gymnasium environment
and 500 thousand in the Carla environment. All of the param-
eters used for Carla Environment can be seen in Appendix B.
Additionally, 3 different tracks are used during the evalua-
tion phase in the Carla simulator to be able to highlight the
robustness of the methods.

It is important to know that in the CARLA environment,
the agent gets rewarded by a weighted combination of longi-
tudinal speed and penalties for collision, exceeding maximum
speed, and large lateral acceleration. while termination condi-
tions are the ego vehicle colliding, going out of lane, reaching
a destination, or reaching the maximum episode time steps.
These are used in the discussion of the results.

4.2 Initial Experimental work
Before starting to train agents in Carla, a less realistic envi-
ronment which is Gymnasium simulator is used. This step
allowed us to see initial trends and observe the implemented
methods’ impacts.

The smoothed episodic return in the Gymnasium environ-
ment of each agent’s trends is given in Figure 2. In the
training, the DQN agent that stacks 4 frames the episodic re-
turn changed to a positive direction at around 400k time step
which means after close to 400 runs of Car driving simula-
tion in the Gymnasium environment the agent started to learn
efficiently. At 1 million time step the agent was getting an av-
erage of close to 830 episodic returns which shows that it was
successful in training in the tracks of the Gymnasium. The
agent could train more but it would not have better perfor-
mance as it has not improved performance significantly in the
last 300k time steps. For the initial testing, the agent’s trend
showed enough evidence to continue the experiment. After
testing DQN with the frame stacking, the DRQN agent with
BPTT=4 is trained. As seen in Figure 1, it had started to train
later than DQN but was able to stay in a consistent average
episodic reward. It is seen that the final average episodic re-
turn at 1 million time step was close to 600 which showed that
it performed not as well as DQN. This difference could have
happened because of the chosen number of n for BPTT, or it
can also be a case where the car race environment is not suit-
able to DRQN as much as DQN with frame stacking. Even

Figure 2: smoothed episodic returns of 3 agents that are trained in
Gymnasium environment

though it performed worse it is seen that the DRQN was able
to learn and go on the car race track with only receiving one
frame per step. As LSTM layer in the network of DRQN is
the only layer that can store information regarding the past,
it is seen that LSTM was able to store important information
and help the DRQN agent to detect features like the agent’s
own velocity to turn the corners properly.

Lastly, the training performance of DRQN with frame
stacking can be seen in Figure 2. This agent was able to
start learning before the time step that DRQN did however
the steps per second were lower than DRQN, which resulted
in reaching 584k steps after 1 and a half days of training. This
showed that this agent required more sources to train than
DQN as DQN with frame stacking only required around 11
hours of training and for the sake of the experiment, the pos-
itive trend was enough to continue the experiment in Carla
environment to see the performances in a more realistic envi-
ronment.

After these tests, the initial thoughts on the agents started
to build up, and continued to experiment by setting up Delft
Blue and connecting to CARLA with the usage of gym-carla.

4.3 Training Phase
After trained and having initial thoughts on the agents in
Gymnasium environment, we made them able to train in
the CARLA environment by changing some lines of code as
specified in gym-carla wrapper. After creating proper scripts
and folders for agents, the agents are trained in Delft Blue for
around 20-23 hours at the end making 500 thousand total time
steps. When the training is finished, the logs of each agent’s
training phase are combined to create Figure 3 in TensorFlow.

When the early time steps were analyzed, the result was
not expected as the training in the Gymnasium environment
supported that DQN with frame stacking would start to learn
faster than DRQN while DRQN with frame stacking would
perform similarly. However, in Figure 3 it is seen that DRQN
with frame stacking was very early to start learning, reach-
ing the point that can be counted as a good episodic re-
turn at 130k time step where DQN reached there at 300k
time step. This point can be called a good episodic return
value as DQN finishes the training at that point. This differ-
ence between the starting time steps of learning can be con-



Figure 3: Smoothed Episodic returns in the training process of
agents in Carla

nected to CARLA being a more realistic environment with
other cars and pedestrians passing, and the importance of the
quality of the method used to solve partial observability in-
creases. DRQN with frame stacking was possibly extracting
more information regarding the environment which reduced
the collision possibility and returned reward more. To sup-
port this, Figure 4 can be used. It is seen that when DRQN
with frame stack reached episodic return peak at 130k time
step, the episodic length of it was at an all-time low. DRQN
with frame stack’s episodic length decreased faster than other
agents which supports that it was more efficient in navigat-
ing in the environment and completing required tasks. Also
when looking at Figures 5 and 6, it is seen that there are no
big differences between agents regarding the difference be-
tween their expected return and actual return (TD loss), while
DQN overestimates the Q value. DRQN and DRQN with
frame stacking had lower Q values in these early steps which
necessarily does not show a disadvantage but rather actions
returning value is not as high as it is in DQN with frame stack
possibly as the state is observed differently in these. Ad-
ditionally, the similar TD loss supports that all agents were
similarly efficient at updating their Q values.

Another unexpected trend was the DRQN with frame
stacking’s episodic return between 360k to 500k time steps.
DRQN with frame stacks starts to have a negative trend in
episodic return at 360k time step, reaching closer to value
18 at the end of the 500k time step. This event can be ex-
plained by having an unstable agent that tries to learn but
forgets the learned. This can also be called catastrophic in-
terference or catastrophic forgetting. this can happen when
Q function cannot decide on the optimal choice as there is a
state that is similar to learned before but the same action re-
sults in punishment. It is also seen in Figure 5 that DRQN
actually did not estimate the return too high and the loss be-
tween the predicted and actual was very low while in Figure
5 that is visible that the episode length increased for DRQN
with frame stacking at the end steply. This suggests that the
agent starts to stay still more than moving around. With more
training time we think that it could be fixed and return to its
older values in Figure 3.

Lastly, the low episodic return of DRQN was expected, as
in the Gymnasium environment DRQN get an episodic return

Figure 4: Smoothed Episodic lengths in the training process of
agents in Carla

Figure 5: Smoothed Q Values in the training process of agents in
Carla

Figure 6: Smoothed temporal difference (TD) loss in the training
process of agents in Carla



of 600 while DQN with frame stacking gets 800. The differ-
ence was 200/800 which is %25 while the difference in Carla
environment is around 140 to 90 making %35 difference. As
explained in initial experiments with the Gymnasium envi-
ronment, the car racing can be not as suitable to DRQN as it
is to DQN with frame stacking. The bigger gap between the
agents can be happened because of the Carla’s being more
realistic, making DRQN less suitable for car simulation. It is
also seen that the TD loss was very low at the end while Q val-
ues were also lower than DQN with frame stacking, therefore
more than 500k timestep would be beneficial to see any fu-
ture trends between the agents as the performances can vary.
Training the agent more would be able to make the agent up-
dates its q values better as at this point it is not as efficient as
DQN with frame stacking.

4.4 Evaluation Phase
After training the agents in the Carla environment, we run the
agents in each town for 10 episodes to compare the robustness
and the performance of the final policies. The results of these
runs are given in Figures 7 and 8.

It is visible that DQN with frame stack outperformed
other agents in every environment and had a greater aver-
age episodic return in Town04 especially. As Town04 is an
infinity-shaped road with no limit of the end, DQN with frame
stack was able to stay more alive than the other agents in some
episodes while having a great standard deviation which shows
a high variability in result, meaning that it is not robust as the
expected performance is mostly not stable. When DRQN is

Figure 7: Mean episodic return of 3 agents 10 episodes in 3
different tracks

investigated it is seen that it performed as expected from the
training data and its standard deviation is less than DQN with
a frame stack. This shows a trade-off between performance
and robustness as DRQN is more robust while having less
good performance.

In the case of DRQN with a frame stack, it performed
worse in every environment. This was expected as DRQN
with frame stack had experienced catastrophic forgetting
which resulted in losing past information and skills that were
learned before. This suggests that DRQN with frame stack
has issues with extracting information and using this infor-
mation in new environments. In the case of robustness,

Figure 8: Standard deviation of 3 agents 10 episodes in 3 different
tracks

DRQN with frame stack agent’s overall robustness is consid-
ered compromised despite having a low standard deviation.

Discussion
After the experiment, the following results are found. DQN
with frame stacking was the fastest in the training phase but
started to learn at a later time step than other agents. Its per-
formance in the evaluation phase is best among agents how-
ever it showed the highest standard deviation therefore it is
also less robust than other agents.

DRQN agent had lower performance and slower training
times than DQN with frame stack which can be explained
by the complexity that the LSTM layer adds to the network.
In the evaluation phase, DRQN performed as expected from
the training data. While it performed low, its standard de-
viation was lower, making it more robust than DQN with a
frame stack. The difference between the performance is also
seen in the paper of Hausknecht and Stone, where only 5
out of 9 games DRQN outperformed the DQN with frame
stacking[11]. In 2 of the games, the DRQN actually per-
formed less than half of than DQN with frame stack per-
formed, which is similar to the situation in our experiment.
Additionally in the paper of Romac and Béraud, they com-
pared the DQN and DRQN in the Minecraft (3d game) envi-
ronment, where DRQN has performed lower than DQN with
frame stack again [18]. This shows that DRQN is not as suit-
able for autonomous driving as much as DQN with frame
stack, but if one wants robustness over the performance then
DRQN is a more viable option.

The DRQN with frame stack is not an architecture that was
investigated in any research before, therefore the results are
new for the field. The result actually showed that it started
to learn in earlier time steps than other agents and performed
as well as DQN with frame stack until it experienced catas-
trophic forgetting. This caused us to consider its robustness
compromised as the agent become like it did not train at all,
remaining more idle than moving. This makes it an undesir-
able agent and needs to be investigated more.

Limitations
Running a training script in CARLA for 1 million time steps
was taking more than 1 day which is not allowed by Delft



Blue. In 24 hours, agents were able to train 500k time steps
and to be able to train them, checkpoints could have been
used. However, as Delft Blue was busy with many different
jobs, each experiment run was delayed. This was a big prob-
lem as to test if the agents’ code was working, we needed
to schedule jobs in Delft Blue, but as it was very busy, the
starting times for jobs could find 2 days. When added the
training time of 1 day, it was time-consuming to test training
and redo the process in a time of 9 weeks. The DRQN with
frame stacking would be compared with other agents better
by solving this limitation, however, the catastrophic forget-
ting has also given a good insight into how unstable the agent
is.

5 Responsible Research
From the responsible perspective of the research, it is im-
portant to eliminate the possibility of getting different results
when re-conducting the experiment.

Firstly, the Neural Networks inherit randomness as a basis.
This randomness can easily affect the outcome of the result.
To prevent this a specific seed is used throughout the exper-
iment which was 0. This seed was selected after trying out
different seeds and finding the ones that did not give positive
or negative bias to agents. Additionally to reach closer results
the number of trials in this research could be increased which
would help to get closer results when wanted to reconduct.

Secondly, apart from DQN with frame stack implemen-
tation, the DRQN and DRQN with frame stack agents are
highly dependent on the architecture chosen by us as the
DQN with frame stack algorithm is very similar to the one in
CleanRL. This dependency on the architecture can affect the
process. Also, it is important to state that the results of the
DQN with frame stack in the training and evaluation phases
are shared among the researchers while conducting the exper-
iment. The reason behind this was using the same algorithm
with the same parameters in the same environment with the
same seed more than 1 time would not benefit the research,
therefore to fasten the experiment the base algorithm results
are used to compare in the analysis part.

Lastly, when replicating the experiments it is important
to care that, the results cannot be used in real-world situa-
tions without thorough investigation and being sure. As au-
tonomous driving is a sensitive topic in the real world, it is
needed to be careful.

6 Conclusions and Future Work
In this research, our purpose was to answer the question
”How do different methods for dealing with partial observ-
ability in the environment influence training and the robust-
ness of final policies under various testing conditions?”. The
methods investigated were frame stacking, LSTM, and these
2 combined. These methods were implemented into DQN
agents and the created agents’ training and evaluation phases
are analyzed. From the analysis of the training phase, it has
been seen that the DRQN with frame stacking had started
to learn earlier than other agents while DQN with frame
stacking has finished the training in the shortest time and
highest episodic return. DRQN finished the training with

lower episodic return than DQN with frame stack while
DRQN with frame stack has experienced catastrophic forget-
ting. This showed that an additional LSTM layer in the net-
work increased the complexity and slowed down the training
speed. In the evaluation phase, expected findings were ob-
served where DQN with frame stack had the highest average
episodic return and DRQN with frame stack scored lowest.
Additionally, new findings are found regarding the robustness
of these agents. While DRQN had a lower average episodic
return its standard deviation was lower than DQN with frame
stacking, making it more robust than DQN with frame stack-
ing in the domain of autonomous driving. To be able to get
better results in the future, agents could have taken more time
steps in the training phase until they converge. This would
allow DRQN with frame stacking to overcome its problem of
forgetting. Also more evaluation runs in different runs can be
run for every agent.

Additionally, how the parameters used in frame stack and
backpropagation through time change the training and evalu-
ation results can be investigated to find different trends in this
domain. While DRQN did not increase the performance, this
can be due to the usage of BPTT=4, and usage of a higher
number for this value can make the agent comprehend the
environment better.
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A Package List in Gymnasium Environment
• absl-py=1.4.0
• box2d-py=2.3.5
• ca-certificates=2023.01.10
• cachetools=5.3.0
• carla=0.9.13
• certifi=2023.5.7
• charset-normalizer=3.1.0
• cloudpickle=2.2.1
• colorama=0.4.6
• contourpy=1.0.7
• cycler=0.11.0
• decorator=4.4.2
• filelock=3.12.0
• fonttools=4.39.4
• google-auth=2.18.0
• google-auth-oauthlib=0.4.6
• grpcio=1.54.0
• gym=0.26.2
• gym-notices=0.0.8
• idna=3.4
• imageio=2.28.1
• imageio-ffmpeg=0.4.8
• importlib-metadata=6.6.0
• importlib-resources=5.12.0
• jinja2=3.1.2
• kiwisolver=1.4.4
• lz4=4.3.2
• markdown=3.4.3
• markupsafe=2.1.2
• matplotlib=3.7.1
• moviepy=1.0.3
• mpmath=1.3.0
• networkx=3.1
• numpy=1.24.3
• oauthlib=3.2.2
• opencv-python=4.7.0.72
• openssl=1.1.1t
• packaging=23.1
• pandas=2.0.1
• pfrl=0.3.0
• pillow=9.5.0
• pip=23.0.1
• proglog=0.1.10

• protobuf=3.19.6
• pyasn1=0.5.0
• pyasn1-modules=0.3.0
• pygame=2.1.0
• pyparsing=3.0.9
• python=3.8.2
• python-dateutil=2.8.2
• pytz=2023.3
• pywavelets=1.4.1
• requests=2.30.0
• requests-oauthlib=1.3.1
• rsa=4.9
• scikit-image=0.16.2
• scipy=1.10.1
• setuptools=66.0.0
• six=1.16.0
• sqlite=3.41.2
• stable-baselines3=1.2.0
• swig=4.1.1
• sympy=1.12
• tensorboard=2.10.0
• tensorboard-data-server=0.6.1
• tensorboard-plugin-wit=1.8.1
• torch=2.0.1
• tqdm=4.65.0
• typing-extensions=4.5.0
• tzdata=2023.3
• urllib3=1.26.15
• vc=14.2
• vs2015 runtime=14.27.29016
• werkzeug=2.3.4
• wheel=0.38.4

• Use latex to have consistent formatting amongst team-
mates. The ijcai template provided is should be the stan-
dard.

B Carla Parameters
’number of vehicles’: 100,
’number of walkers’: 0,
’display size’: 256, # screen size of bird-eye render
’max past step’: 1, # the number of past steps to draw
’dt’: 0.1, # time interval between two frames
’discrete’: False # whether to use discrete control space
’discrete acc’: [-3.0, 0.0, 3.0], # discrete value of accel-
erations



’discrete steer’: [-0.2, 0.0, 0.2], # discrete value of steer-
ing angles
’continuous accel range’: [-3.0, 3.0], # continuous ac-
celeration range
’continuous steer range’: [-0.3, 0.3], # continuous steer-
ing angle range
’ego vehicle filter’: ’vehicle.lincoln*’, # filter for defin-
ing ego vehicle
’port’: 2000, # connection port
’town’: ’Town03’, # which town to simulate
’task mode’: ’random’, # mode of the task, [random,
roundabout (only for Town03)]
’max time episode’: 1000, # maximum timesteps per
episode
’max waypt’: 12, # maximum number of waypoints
’obs range’: 32, # observation range (meter)
’lidar bin’: 0.125, # bin size of lidar sensor (meter)
’d behind’: 12, # distance behind the ego vehicle (meter)
’out lane thres’: 2.0, # threshold for out of lane
’desired speed’: 8, # desired speed (m/s)
’max ego spawn times’: 200, # maximum times to
spawn ego vehicle
’display route’: True, # whether to render the desired
route
’pixor size’: 64, # size of the pixor labels
’pixor’: False, # whether to output PIXOR observation
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